Using generated conformations from docking analysis by Gold algorithm, some 3D-QSAR models; CoMFA and CoMSIA have been created on 39 N-benzoylated phenoxazines and phenothiazines, including their Soxidized analogues. These molecules inhibit the polymerization of tubulin into microtubules and thus they have been studied for the development of antitumor drugs. Training set for the CoMFA and CoMSIA models using 30 docked conformations gives q 2 Leave one out (LOO) values of 0.756 and 0.617, and r 2 ncv values of 0.988 and 0.956, respectively. The ability of prediction and robustness of the models were evaluated by test set, cross validation (leave-one-out and leave-ten-out), bootstrapping, and progressive scrambling approaches. The allorientation search (AOS) was used to achieve the best orientation to minimize the effect of initial orientation of the structures. The docking results confirmed CoMFA and CoMSIA contour maps. The docking and 3D-QSAR studies were thoroughly interpreted and discussed and confirmed the experimental pIC 50 values.
Introduction
Microtubules are long, hollow cylindrical biopolymers that are composed of subunits made from a globular cytoplasmic protein known as tubulin, as illustrated in Figure 1 . Each subunit of the microtubule is made of two slightly different but closely related simpler units called α-tubulin and β-tubulin that are bound very tightly together to form heterodimers. These rope-like polymers of tubulin play an important role in the migration of chromosomes to opposite ends of a mitosing cell during the anaphase. Microtubules are one of the most successful cancer chemotherapeutic targets since they are responsible for mitotic spindle formation and proper chromosomal separation. [1] [2] [3] [4] Various drugs have been shown to bind specifically to tubulin in the mitotic spindle and prevent polymerization into the microtubules. Thus these drugs inhibit cell mitosis and lead to cell death. [5] [6] [7] Colchicine is one of the most effective inhibitors of tubulin polymerization, 8 however, because of its narrow therapeutic window, colchicine has not found broad application in anticancer therapy. Therefore, there is an urgent need to design and develop new antimitotic agents. The promising usage of microtubule-binding drugs for anticancer therapy created great interest in designing microtubule-targeted drugs so great efforts have recently been made to design novel smallmolecular tubulin binders.
9-11
Quantitative structure-activity relationship (QSAR) studies perform a vital role in drug discovery and drug design as ligand-based approaches. One would say that today no drug is developed without previous QSAR analyses.
The primary aim of QSAR methods is to correlate structural descriptors with biological properties, but it can also be applied to predict the activity value of non-synthesized compounds structurally related to the training sets and helps to clarify the possible molecular mechanism of the receptorligand interactions.
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Three-dimensional quantitative structure-activity relationship (3D-QSAR) analysis is a common method used in computer-assisted molecular design. Among the 3D-QSAR methods, the comparative molecular field analysis (CoMFA), proposed by Cramer and co-workers, is extensively used in the current practice of drug discovery which it provides the visual display of electrostatic (Coulomb) and steric (LennardJones) fields of the regions important for biological activity.
17
In a similar method, comparative molecular similarity indices analysis (CoMSIA), a probe atom is used to calculate similarity indices, at regularly spaced grid points for the aligned molecules. CoMSIA differs from CoMFA, initially in the way that the molecular fields are calculated, which uses a Gaussian-type distance-dependent function to assess five fields of different physicochemical properties (i.e., steric, electrostatic, hydrophobic, and hydrogen bonding donor and acceptor). 18, 19 In computational drug design, molecular dock- ing is applied to gain key structural features of binding of molecules into the receptor and predicting bioactive conformers. [20] [21] [22] [23] In recent years, a number of QSAR and docking studies have been carried out for predicting new tubulin polymerization inhibitors as anticancer drugs.
24-26
In this study, 3D-QSAR approaches based on docking alignments were applied to construct predictive 3D-QSAR models on a new class of N-benzoylated phenoxazines and phenothiazines which applied to design new and more potent antitumor drugs.
Experimental
Data Set. A collection of 39 compounds was reported recently by H. Prinz and co-workers, 27 as a new class of antiproliferative agents, was used for docking and 3D-QSAR analysis. The activity (IC 50 ) values of some molecules had been reported qualitative (i.e. they have not exact quantities for activities), so these molecules were removed from the data set. For the QSAR analysis the IC 50 (μM) values were taken in molar range and were expressed in negative logarithmic units, pIC 50 (-logIC 50 ). The chemical structures and corresponding pIC 50 are listed in Table 1 . The set of compounds was divided into training and test sets. The test set compounds were selected by considering both the distribution of biological data and structural diversity of the molecules. The compound no. 5 shows large residual value, so identified as outliers and removed from the training set, and the compound no. 16 was used as a template because of the highest activity.
Molecular Docking. The crystal structure of tubulin (1SA0) was taken from RCSB protein databank (http:// www.pdb.org). This protein in PDB is not complexed with anyone of the understudy ligands, so in docking step its original ligand (colchicine) was removed and then ligands in our data set were docked in the active site of tubulin one by one. Ligands preparation step was carried out in SYBYL 7.3 molecular modeling package (Tripos Inc., St. Louis, USA) running on a Red Hat Linux workstation 4.7. The resulting structures were imported into Discovery Studio 2.5 (Accelrys Inc, San Diego, CA, USA), and typed with CHARMm force field then partial charges were calculated by Momany-Rone option.
28 Then they were minimized with Smart Minimizer which performs 1000 steps of steepest descent with a RMS gradient tolerance of 3, followed by conjugate gradient minimization. For preparation step of tubulin, all complexes were typed with CHARMm force field, hydrogen atoms were added, all water molecules were removed and pH of protein was adjusted to almost neutral, 7.4, using protein preparation protocol. All of antitumor molecules were again minimized in-situ with Smart Minimizer option that is custom for in-situ ligand minimization and consists of some pre-defined minimization steps that have been pre-determined to work well for receptor ligand data. 29 The protein active site was defined as a sphere with a radius of 10 Å around the bounded ligand to confirm atoms of the ligand and the sidechains of the residues of the receptor within 10 Å from the center of the binding site are free to move. Then bounded ligand was removed from the binding site. Other parameters were set by default protocol settings. GOLD program was used to dock inhibitors into receptor. 30 It is complicated to predict how a small molecule will bind to a protein, and no method can guarantee success. However, GOLD has a correct solution in 70-80% of cases.
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CoMFA and CoMSIA. Molecular modeling studies were performed using the SYBYL 7.3 molecular modeling package (Tripose Inc., St. Louis, USA) running on a Red Hat Linux workstation 4.7. Molecular structures were built using the SKETCH option in SYBYL. Energy minimization was performed using the Tripos force field with a distance dependent dielectric and the Powell conjugate gradient algorithm with a convergence criterion of 0.01 kcal/mol Å. Partial atomic charges were calculated using the GasteigerHückel method.
Two methods were used to generate 3D-QSAR models. In first approach the compounds were aligned to template molecule (compound 16) on a backbone which is common among all structures to minimize the sum-of-squares deviation between reference backbone in each molecule and the corresponding core in the template (Figure 2(a) ). In CoMFA a sp3 carbon atom with +1 charge was used as a probe to calculate steric and electrostatic interactions between the probe and structures. Coulomb and Lennard-Jones potentials were used to model Electrostatic and van der Waals interactions, respectively. Energy cut off values of 30 kcal/mol was selected for both steric and electrostatic fields. Various column filtering values are also tested. Threshold column filtering of 2.0 kcal/mol was set to accelerate the analysis and reduce the amount of noise. CoMFA standard scaling applies the equal weight to data from each lattice point in any given field. Region focusing is an iterative procedure which refines a model by improving the weight for those lattice points which are most related to the model. This upgrades the resolution and predictive capability (q 2 ; cross validated r 2 ) of a followed PLS analysis. Technically, this corresponds to rotate the model components during a highorder space.
32 PLS region focusing is rationally equivalent to the GOLPE strategy and q 2 -GRS. 33, 34 In CoMSIA, standard settings (probe with charge +1, radius 1Å and hydrophobicity +1, hydrogen-bond donating +1, hydrogen-bond accepting +1, grid spacing 2 Å) were used to calculate five different fields: steric, electrostatic, hydrophobic, hydrogen bond acceptor and donor. In 3D-QSAR, PLS analysis was used for modeling in which the independent variables were the CoMFA and CoMSIA fields, and pIC 50 activity values were used as dependent variables. The predictive ability of the models was evaluated by leave one out (LOO) crossvalidation. LOO cross-validation method was used to obtain the optimal number of components (latent variables) in the subsequent analysis. Analysis of CoMFA and CoMSIA results and the prediction of the models were performed by non-cross validation method according to SYBYL terminology. The progressive scrambling method was carried out for the evaluation of the sensitivity of the 3D-QSAR model to chance correlations. As a final method of validation of the derived models, pIC 50 of 8 compounds, as external test set, were predicted using models derived from the training set.
Different space orientations of the molecular collective in the grid box have important effect on 3D-QSAR models, so all-orientation search (AOS) was also performed on initial orientations of aligned structures by the rotation procedure written in SYBYL programming language (SPL).
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In the second strategy all molecules were minimized inside the active site of tubulin and then docked by GOLD software, then the best pose of each molecule was selected and docked conformers were fed to SYBYL molecular modeling package (Figure 2(b) ) and other steps were performed like first strategy.
Results and Discussion
Docking Results. Docking computations were employed to find the probable binding conformations of all molecules. To validate the docking reliability, root-mean-square distance (RMSD) value was calculated between bounded ligand and redocked ligand (colchicine), which was 1.26 Å in this method. This value shows that there is high reliability of GOLD method to reproduce the known binding mode of these inhibitors. Detailed analysis of the binding mode of the best docked pose of molecule 16 shows a hydrogen bond between C=O substituent and Val181 from the α chain and another hydrogen bond between CN group and Cys241 from the β chain of tubulin, same as it can be seen by hydrogen bond acceptor feature near the CN group, enhancing its binding in the pocket of tubulin and that's why compounds 15 and 16 are the most active compounds in the set ( Figure  3 ).
According to docking results, there is an interaction between these antitubulin molecules and three residues of β chain of tubulin (Lys254, Ala250 and Leu248) and Asn101 from α chain, by the terminal OCH 3 (R6). On the other hand, the OH group in R5 position has interactions with NH group of Leu255 and the C=O group of Lys254 from β chain and two hydrogens of Asn101 from α chain. R 2 is in Van CoMFA and CoMSIA Results. The results of 3D-QSAR studies are summarized in Tables 2 and 3 . PLS analysis of the docking alignment of the compounds in training set showed CoMFA-region focusing (CoMFA-RF) QSAR model (grid spacing = 1) with a good q 2 value of 0.756 (6 components) that is much better than common CoMFA. Also it can be seen that when the fields were focused, the CoMFA models improve in both methods of alignment and produce higher q 2 value. The optimal number of components evaluated by selecting the highest q 2 value corresponds to lowest S press value. The non cross-validated PLS analysis results high r 2 value of 0.988, F value of 326.846 and a low standard error of estimation (SEE) of 0.100. The outlier status of compound 5 in all 3D-QSAR models indicates its structural strangeness as there are only 3 compounds which have a methylene between phenyl and carbonyl groups and because of small category of these structures, this compound cannot be well predicted and thus identified as outlier and removed from the training set. Figure 5(a) shows the relationship between the experimental and predicted pIC 50 .
The CoMSIA analysis was done using both methods of alignment at a grid spacing 2 Å, and the effect of column filtering was checked with the combination of five fields. The CoMSIA method defines hydrophobic and hydrogen bond donor and acceptor descriptors in addition to the steric and electrostatic fields in CoMFA. The combination of fields was systematically changed to select the optimal results.
In the first approach which the conformers were aligned to the template molecule in SYBYL program, by using the combination of three fields (steric, hydrophobic and hydrogen bond acceptor), q 2 of 0.617 was obtained with 4 component at a column filtering of 2.6 kcal/mol. The non crossvalidated analysis results showed r 2 of 0.899, F = 83.155 and SEE = 0.218.
Also, CoMSIA 3D-QSAR study was performed on the compounds in the docking alignment method. In this method, all molecules were minimized inside the active site of tubulin and then docked by GOLD software in Discovery Studio program and then fed to SYBYL program. CoMSIA PLS analysis determined q 2 value of 0.673 with 6 PLS components by using the combination of four fields (steric, electrostatic, hydrophobic and hydrogen bond acceptor). The q 2 values of each independent field of steric, electrostatic, hydrophobic, hydrogen bond donor and hydrogen bond acceptor are 0.684, 0.550, 0.493, 0.022 and 0.333 respectively. The contribution of these four fields has significant effect on constructed model. Figure 5(b) shows the relationship between the experimental and predicted pIC50. The values of experimental and predicted activities of CoMFA and CoMSIA models are depicted in Table 4 .
Validation of the 3D-QSAR Models. The external set of 8 compounds was used to confirm predictive ability of the models. The predictive correlation coefficient (r 2 pred ) from CoMFA-RF and CoMSIA models in the rigid alignment method was found to be 0.655 and 0.548, and by using docking conformer, r 2 pred of 0.841 and 0.690 was achieved, respectively, which show models have acceptable predictability. It can be observed that by using docking conformer, the predictability of CoMFA and CoMSIA models increase greatly. To evaluate the statistical confidence limits of the derived models, bootstrapping 36 analysis was carried out with 100 runs. Bootstrapping includes the generation of many new datasets from the original dataset after randomly choosing samples from that. A r 2 bs (average correlation coefficient for bootstrapping) of 0.994 ± 0.003 and a SEE bs (average standard error of estimate for bootstrapping) of 0.076 ± 0.052 for CoMFA-RF model in the docking alignment method, and r 2 bs of 0.973 ± 0.010, and a SEE bs of 0.162 ± 0.103 for CoMSIA model generated by docking conformer, suggested a good internal consistency and the absence of systematic errors of the models. To evaluate the sensitivity of the optimized CoMFA-RF and CoMSIA models to chance correlations, the leave-one-out (LOO), leave 10-out cross-validation and progressive scrambling analyses were performed. 37 The q 2 values of leave 10-out for CoMFA-RF and CoMSIA models without using docking conformer were 0.554 and 0.624 and with using docking conformer were 0.737 and 0.659 respectively. In the progressive scrambling approach, small random perturbations are introduced into a data set and the statistical results. The perturbation prediction (q /dr 2 yy' ), for CoMFA-RF and CoMSIA models are summarized in Table 3 .
CoMFA Contour Maps Analysis. The CoMFA steric and electrostatic fields from the final best non cross-validated analysis were plotted as 3D colored contour maps. The contour maps of CoMFA denote the region in the space where the aligned molecules would favorably or unfavorably interact with the receptor. The contour maps using region focusing are of better quality because the region focusing resulted in a sort of image enhancement. In the CoMFA steric contour maps, green contours show contribution for sterically favorable interactions with the receptor and yellow contours show sterically unfavorable regions, these contours represent 80% and 20% contributions, respectively. Similarly blue contours show the regions that are electropositive charge favorable and red contours show electronegative charge favorable regions that their contributions in the CoMFA electrostatic field represent 80% and 20% respectively. Greater values of bio-activity are correlated with more bulk near green, less bulk near yellow more positive charge near blue and more negative charge near red.
The contours for CoMFA-RF steric and electrostatic fields are displayed in Figure 6 . In this case, compound 16 was used as a reference to show the contour maps of the CoMFA model. The large yellow region around R 7 substituent, suggest that a less sterically bulky group is favorable and increase the activity such that the antiproliferative activity of compounds 3 and 6 with hydrogen atom at that region is higher than compound 9 with methoxy group. A yellow region near R 2 substituent indicates that bulky groups in this region will decrease the activity. A large region of green contour near R 6 suggest that more potent analogs may be obtained by introducing bulky substituents such as methoxy group to this region. In CoMFA-RF electrostatic contour maps, there are red contours near R 1 substituent (Figure 6(b) Figure 7 (a). By comparison of Figure 7 (a) with Figure 6 (a), it can be seen that CoMSIA steric contour maps is similar to CoMFA steric contour maps. In the CoMSIA electrostatic contour maps, there is a big red contour covers x substituent. This indicates that electronegative groups in this position increase antiproliferative activity, Figure 7 (b). This is a sensible reason why compound 1 (x = O, pIC 50 = 7.4815) has higher activity than compounds 19, 28 and 34 (x = S, pIC 50 = 6.4815; x = SO, pIC 50 = 6.3767 and x = SO2, pIC 50 = 6.5528). Two blue contours near R 2 and R 7 shows that electropositive substituents would increase the activity. That's why compound 28 (R 2 = H, R 7 = H, pIC 50 = 6.3767) has higher activity than compounds 31 and 32 (R 2 = Cl, R 7 = H, pIC 50 = 5.8539 and R 2 = Cl, R 7 = OCH 3 , pIC 50 = 4.4559).
In the hydrophobic contour map of CoMSIA, Figure 7 (c), yellow and white regions indicate the areas where hydrophobic and hydrophilic properties are preferred, respectively. A white contour is found near the R 5 substituent which explains the necessity of the hydrophilic group to increase the activity. This can explain the order of activities in these compounds: 6 > 3 > 9 that is based on descending of the hydrophilic property. According to docking results in this area there is an interaction with hydrophilic residues of receptor, i.e. the NH group of Leu255 and the C=O group of Lys254 (β chain) that confirm CoMSIA's hydrophobic contour. Three yellow contours near the x group, R 2 and R 6 indicate that hydrophobic groups in these areas are preferred for antiproliferative activity. It can be demonstrated by comparing the structures and activities of compound 19 (R 2 = H, pIC 50 = 6.4815) with 22 (R 2 = Cl, pIC 50 = 6.0757), compound 3 (R 6 = OCH 3 , pIC 50 = 6.8539) with 10 (R 6 = Cl, pIC 50 = 4.6989) and compound 1 (x = O, pIC 50 = 7.4815) with 34 (x = SO 2 , pIC 50 = 6.5528).
Based on hydrogen bond acceptor field in Figure 7 (d), magenta contours show regions where hydrogen bond acceptor groups are favored and red contours indicate regions where hydrogen bond acceptor groups are unfavorable for increasing activity. There is one magenta contour near R 1 substituent that suggest hydrogen bond acceptor in this region is favored. Complementary of this magenta contour in the receptor, is hydrogen bond donor group (Cys241). This is the reason why compounds 15 and 16 with CN group at this position are the most active compounds in the set. Also presence of electrostatic red contour at this region confirms the magenta contour.
Conclusion
The analysis of 39 tubulin polymerization inhibitors by molecular docking and 3D-QSAR studies provides a good predictive model for the design of new series of antitumor drugs. In this study, 3D-QSAR models were generated by two different methods, by using docked ligands as bioactive conformers and without docked ligands. The comparison of these models demonstrates that CoMFA and CoMSIA models based on docking alignment method have more reliable contour maps. The CoMFA and CoMSIA analysis have provided distinguishing key structural features affecting activity of these inhibitors. We identified and confirmed the residues that play key role in the hydrogen bond donors, hydrogen bond acceptors, hydrophobic, steric and electrostatic inter- actions. The great statistical parameters and suitable predictive ability of the generated models may provide a useful guideline to design and predict the activity of novel compounds with enhanced inhibitory activities and can help to rational design of novel anticancer drugs.
